ABSTRACT: Spectral similarity searching to identify peptide-derived MS/MS spectra is a promising technique, and different spectrum similarity search tools have therefore been developed. Each of these tools, however, comes with some limitations, mainly due to low processing speed and issues with handling large databases. Furthermore, the number of spectral data formats supported is typically limited, which also creates a threshold to adoption. We have therefore developed COSS (CompOmics Spectral Searching), a new and user-friendly spectral library search tool supporting two scoring functions. COSS also includes decoy spectra 2 generation for result validation. We have benchmarked COSS on three different spectral libraries and compared the results with established spectral search and sequence database search tool. Our comparison showed that COSS more reliably identifies spectra and is faster than other spectral library searching tools. COSS binaries and source code can be freely downloaded from https://github.com/compomics/COSS.
INTRODUCTION

Tandem mass spectrometry (MS/MS) is a commonly used method to analyze and identify
peptides and proteins. Typically, MS/MS analysis and identification consists of several steps 1 .
First, an unknown protein mixture is digested into peptides with the aid of a protease, and the resulting peptides are then separated in time by liquid chromatography (LC). This LC is coupled directly to a mass spectrometer's source where the eluting peptides are detected, selected, and fragmented. The resulting fragment ions are then analyzed by a second stage of mass spectrometry to acquire an MS/MS spectrum. These MS/MS spectra can then be subjected to different computational approaches to match them to peptide sequences.
Commonly used approaches are de novo sequencing, sequence database searching, and spectral library searching. De novo sequencing 2 algorithms directly infer the amino acid sequence from the experimental spectrum. In this technique, the quality of the spectrum affects the success of the inference process and hence the identification result. Therefore, the identification rate of such algorithms in practice is typically limited 3 , in turn limiting their use. In sequence database searching, an in silico digest of a protein sequence database produces a list of peptide sequences, each of which is then used to generate theoretical mass spectra. These theoretical spectra are subsequently compared with experimental spectra using a similarity scoring function. Due to their performance, sequence database search engines are the most widely used approach to analyze MS/MS data. Nevertheless, despite its popularity, database searching comes with some drawbacks 4 . The first problem with database searching is the computational complexity imposed when working with large databases. As the algorithm needs to consider all possible peptides derived from a protein sequence, the resulting databases will grow exponentially when taking into account multiple missed cleavages and a variety of potential post-translational modifications (PTMs) 3 . Another important disadvantage of database searching is the lack of peak intensity information and information on non-canonical fragments in the generated theoretical spectra, which limits the sensitivity of the scoring function.
Spectral library searching seeks to correct for these two issues, by comparing experimental spectra to a spectral library built from previously identified spectra 5 . Nowadays, this spectral library searching approach is gaining more attention due to a number of advantages 6 . Because the search space is confined to previously observed and identified peptides, the computational complexity is reduced 7 . Moreover, spectral searching can take advantage of all spectral features, including actual peak intensities and the presence of non-canonical fragment ions 8 , to determine the best possible peptide match. As a result, this technique often yields improved sensitivity 9 .
Different tools to apply spectral library searching have been developed over the past years, with SpectraST 10 , the National Institute of Standards and Technology (NIST) MS-Search 11 tool and X!Hunter 12 as notable examples . Each of these tools, however, comes with some limitations, such as a low processing speed, issues with handling large databases, and operational complexity. Furthermore, these tools typically support only specific spectral data formats, which also creates a threshold to adoption if the desired library is not presented in a compatible format.
Taken together, these issues have prevented widespread adoption of the spectral library searching approach in proteomics.
We have therefore developed COSS (CompOmics Spectral Searching), a new, fast, and userfriendly spectral library search tool capable of processing large databases and supporting different file formats. Two scoring functions are available in COSS, namely MSROBIN , which relies on probabilistic scoring, and the cosine similarity score. COSS also offers an intuitive graphical user interface, allowing it to be adopted easily. To control the false discovery rate, a built-in mechanism to generate decoy spectral libraries has been provided as well. We have benchmarked COSS on three different spectral libraries and our results show that, compared to established tools, COSS delivers more reliable identification. At the same time, COSS requires drastically lower computation time and has a much-reduced memory footprint, eliminating the requirement for high performance and costly equipment, and further lowering the threshold to adoption of the spectral library searching approach.
MATERIALS AND METHODS
Implementation
COSS is developed in Java in a modular fashion so that its code is reusable and future-proof.
Separate modules have been developed for key tasks such as indexing, filtering, matching, and decoy generation. To ensure maximal compatibility with input formats, the spectrum reader has been developed as a separate subsystem. COSS supports mzXML 13 , mzML 14 , ms2 and dta input formats through the mzIdentML 15 library, while support for the msp and mgf formats is included through an in-house implementation. The compomics-utilities 16 library was used for spectra visualization. Because COSS is completely developed in Java, it is platform independent, allowing users to run the software in their own preferred environment (e.g., Windows, Linux, or MacOS).
Scoring function
COSS implements two scoring functions: MSROBIN, which is based on the probabilistic scoring function of Yilmaz et al.
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, itself a derivative of the Andromeda scoring function 18 and the cosine similarity score. The scoring procedure consists of two main steps. First, both the query and library spectrum are divided into 100 Da windows and within each window, the q peaks with the highest intensity are selected. Next, the score is calculated for q varying from 1 to 10 and the highest score is retained. The MSROBIN scoring function consists of two parts, an intensity part and a probability part. The probability scoring part is as follows:
Where n is the number of peaks, k is number of matched peaks, and p is the probability of finding a match for a single matched peak, calculated by dividing the number of retained high intensity peaks by the mass window size which we set at 100 Da.
The second part is the intensity scoring which is calculated as:
Here, I is the peak intensity, X is the set of matched peaks and Y is the set of intense peaks selected from each 100 Da window. The final score is then computed as:
We have calculated the cosine similarity scoring function as follows:
Where Q is the intensity of the matched peak found in the query spectrum, L the intensity of the matched peak found in the library spectrum and N is the total number of matched peaks between query and library spectra under comparison. The score is weighted by the number of matched peaks.
False discovery rate estimation
Erroneous peptide assignments can occur due to poor spectrum quality or limitations in the scoring function. Validation of the obtained results is therefore a key step in peptide identification, and typically takes the form of false discovery rate (FDR) control 19 . For this purpose, COSS implements a decoy spectral library strategy, which can generate a number of decoy spectra equal to the size of the original spectral library using reverse and random sequence decoy generation technique as described in Zhang et al. 20 . Briefly, the sequence of each spectrum is reversed, leaving the last amino acid in place. Based on this sequence, the masses of the b, y and a ions are calculated and the corresponding annotated peaks in the spectrum are moved on the m/z axis accordingly leaving the unannotated peaks in place.
The generated decoy spectra are concatenated to the original spectra in the library, and the search is run against this concatenated target-decoy spectral library. The corrected FDR value is then calculated as described previously in Sticker et al. 19 .
To evaluate whether the generated decoys accurately control FDR, we have used a modified entrapment method 21 . For this, we have added Pyrococcus furiosus spectra to the search data set, and then ran the search against the NIST library concatenated with the generated decoy spectra.
FDR and false discovery proportion (FDP) are then calculated as follows:
With f the fraction of Pyrococcus furiosus spectra over non-Pyrococcus spectra in the search.
Benchmarking datasets and spectral libraries
We obtained raw data files from eleven runs from the Human Proteome Map 22 (ProteomeXchange 23 ID PXD000561) and ten runs from the deep proteome and transcriptome abundance atlas 24 dataset (ProteomeXchange ID PXD010154) as benchmarking data sets (Table   1 ). All these 21 raw files were converted to Mascot Generic Format (mgf) format using the msconvert tool (ProteoWizard 25 ), with the peak picking algorithm activated.
Benchmarking was performed using three distinct spectral libraries ( libraries, originally in msp format, were first converted to the splib file format, and then a consensus spectrum from the generated splib file was created. Quality control was applied on this consensus file, and finally decoy spectra were generated and appended to the consensus file. To run COSS, decoy spectra were generated using the reversed sequence decoy generation technique. For the MassIVE and PRIDE libraries, where spectra are not (fully) annotated, we
have first annotated the library using the built-in spectra annotator in COSS and a fragment tolerance of 0.05 Da. In this way, a, b and y ions where annotated, taking into account +1, +2 and +3 as possible charges and H2O and NH3 as possible neutral losses. The generated decoys were appended to the original spectral library and searches were performed using a precursor m/z tolerance of 10 ppm and a fragment m/z tolerance of 0.05 Da.
RESULTS AND DISCUSSION
Graphical user interface
COSS comes with a user-friendly interface that allows the user to set all parameters (Supplementary Figure S-1 ) needed for spectral similarity search. COSS supports most common MS/MS spectrum formats (including mgf, msp, ms2, mzML, mzXML, and dta). The user can generate decoy spectra for their spectral library using two types of decoy generation techniques that are implemented and integrated in COSS. COSS also provides an intuitive interface to visually inspect the obtained results ( Figure 1 ). This interface reports all experimental spectra with matches in the spectral library in an interactive table, sorted by descending match score.
When a query spectrum is selected, the top 10 matched spectra from the spectral library are displayed in the bottom table. For each match, the query spectrum and the matched library spectrum can be visually inspected. The results can be exported in tab-delimited text format, comma-delimited text format (CSV) and Microsoft Excel format (xlsx) for further processing and reporting. In addition to the graphical user interface, COSS also comes with a documented command-line interface to easily deploy the software on servers and high-performance clusters.
The flexibility of COSS is further enhanced by its ability to run on all common operating systems. table lists the experimental spectra while  the lower table lists the top 10 matched spectra for the selected experimental spectrum. An interactive spectrum comparison view is presented at the bottom with the selected experimental spectrum (red) mirrored with the selected matched library spectrum (blue).
Evaluation of false discovery rate estimation
To evaluate the ability of COSS to accurately assess the FDR based on the implemented decoy generation technique, we used the modified entrapment approach using Pyrococcus furiosus spectra 21 . Our results show that while SpectraST dramatically underestimates the FDR (at 1% estimated FDR, the actual FDP as measured by Pyrococcus identifications is 2.57%), COSS assesses it much more accurately (at 1% estimated FDR, actual FDP is 1.8%) (Figure 2 ). COSS performance evaluation against SpectraST and sequence database searching in terms of identification rate. Shown here is the identification rate against the NIST, PRIDE Cluster and MassIVE spectral libraries for COSS and SpectraST, and against the human proteome sequence database for MS-GF+. Due to excessive memory requirements, SpectraST could not run the MassIVE spectral library on our server with 28GB of RAM.
Running time comparison
To evaluate the computational efficiency of the algorithm, we ran COSS and SpectraST on the same data sets using the same virtual machine and recorded the execution time for each algorithm. The results of the comparison are shown in Figure 3 . While the size of the query dataset and the spectral library both clearly influence the executing time, we found that COSS drastically outperforms SpectraST in all cases. Here again, there is no data for SpectraST for the MassIVE library due to the inability to run SpectraST on this library on our server. 
CONCLUSIONS
There is a need for spectral library search tools that can easily analyse data from today's highthroughput mass spectrometry-based proteomics experiments, and that can match tens of thousands of acquired spectra against proteome-wide spectral libraries. A few such search algorithms like SpectraST have already been developed but come with important limitations: long search times, an inability to handle very large spectral libraries, and limited input file format support. Here we present COSS, a user-friendly spectral library search tool that is fast, that can handle large datasets, and that supports the most commonly used MS/MS data formats. COSS offers both a graphical as well as a command-line interface, enabling users to perform anything from small-scale analyses on laptops to automated, large-scale data reprocessing on highperformance compute clusters. Because COSS is developed in Java, it is also platform independent, allowing it to run seamlessly on all commonly used operating systems.
Furthermore, COSS's modular architecture and open-source code invites and facilitates future development by the community at large. We have compared COSS to SpectraST and a sequence database search algorithm, MS-GF+, in terms of identification performance, and found that COSS offers a more reliable identification than SpectraST, while also drastically outperforming SpectraST in running time. While MS-GF+ can identify more spectra in a subset of data sets, the overall identification performance of COSS is quite similar. These properties make COSS highly suitable for large-scale analyses against ever expanding spectral libraries, including those that aim to cover an entire proteome of an organism. 
AVAILABILITY
